Mass spectrometry is an important analytical technology for the identification of metabolites and small compounds by their exact mass. But dozens or hundreds of different compounds may have a similar mass or even the same molecule formula. Further elucidation requires tandem mass spectrometry, which provides the masses of compound fragments, but in silico fragmentation programs require substantial computational resources if applied to large numbers of candidate structures. We present and evaluate an approach to obtain candidates from a relational database which contains 28 million compounds from PubChem. A training phase associates tandem-MS peaks with corresponding fragment structures. For the candidate search, the peaks in a query spectrum are translated to fragment structures, and the candidates are retrieved and sorted by the number of matching fragment structures. In the cross validation the evaluation of the relative ranking positions (RRP) using different sizes of training sets confirms that a larger coverage of training data improves the average RRP from 0.65 to 0.72. Our approach allows downstream algorithms to process candidates in order of importance.
Introduction
Mass spectrometry is an important analytical technology in systems biology, and allows the detection of a large number of metabolites in biological samples. For a biological interpretation, their structures and/or accession numbers are required. Individual metabolites can be identified by their accurate mass, but dozens or hundreds of different compounds may have a similar mass or even the same molecular formula (and hence identical mass).
In tandem mass spectrometers, such as hybrid instruments like a triple quadrupole (QqQ), or quadrupole coupled to a time-of-flight analyser (QqTOF), the molecules of interest are isolated in the first quadrupole. This filter allows only the molecules within a narrow precursor mass window to pass through, and other molecules are discarded. These filtered molecules undergo collision induced dissociation (CID) in the second quadrupole (the so called collision cell), where they literally break apart. The masses (more correctly, the mass-over charge ratio m/z) of the resulting fragments are measured in the final mass analyser, either another quadrupole, or a high-resolution time-of-flight (TOF) analyser. Other instruments such as Iontraps or Orbitrap perform these steps sequentially in time, rather than in different instrument compartments. A typical result of the fragmentation is shown in the tandem mass spectrum of Epicatechin in Figure 1 .
For metabolite identification, a query spectrum can be compared with reference spectra from databases like MassBank [6] or commercial libraries provided by several vendors [7] . However, their chemical coverage is far from complete, especially in areas such as plant metabolomics, where most of the estimated 200 000 compounds are still uncharacterised [1] .
If reference spectra are not available, the spectra can be interpreted using computational mass spectrometry methods, such as FiD [3] , or the commercial ACD Fragmenter and HighChem's MassFrontier -see [7] for a review. These programs can also be used to search general purpose compound libraries, such as KEGG with about 14 215 metabolite structures or the much larger PubChem database with 28 million compounds [5, 10] .
The MetFrag approach is designed to search online accessible compound databases with the accurate mass of the unfragmented metabolite. MetFrag obtains candidates from the compound databases, fragments these candidates in-silico, and scores the match between the query spectrum and the in silico fragments.
However, analysing thousands of candidate structures is a time-consuming process, especially for non-trivial compounds, and may take hours on a single machine. For example it takes ≈3 minutes to process about 1 672 candidates of strychnine N-oxide [10] . But for some spectra there are even more candidates. All hypotheses are processed in the (arbitrary) order determined by the candidate search. The correct compound might appear first, or towards the end of the list. If the candidate search would already pre-sort the corresponding candidates, it would be possible to process and display the correct one earlier.
The MetFrag web application will implement a dynamically updated user interface, and process all candidates in smaller batches. That way it is possible to present informative (but still preliminary) results almost from the beginning. The final result in MetFrag after completion of all candidates remains the same. Alternatively, the set of candidates can be filtered based on the preliminary scores, and the subsequent MetFrag runtime would be reduced.
In this paper, we present the MassStruct approach to learn the association between the measured mass peaks and fragment structures, which allows to integrate the accurate molecule mass search with the score-based ordering. The next section describes the system architecture, the training phase and the candidate retrieval with dynamically generated SQL queries during operation. In section 3 we evaluate our approach on a dataset of 240 spectra from 218 unique compounds, and assess the runtime of the dynamically generated query.
Implementation
The MassStruct approach requires an offline preprocessing step to associate measured peak masses to the corresponding fragment structures in a set of training spectra. Afterwards these fragments are grouped by their mass. During a candidate search, the molecule mass and the peaks of a query spectrum are both combined into a single dynamically generated SQL query. If one or more fragment structures of a given mass exist within one candidate, one match is counted and added to the score of this candidate.
Learning the association between mass and fragment structure
The training spectra are processed with the MetFrag algorithm, to obtain a set of m/z → structure associations as shown in Figure 2 . The training set of tandem MS spectra is synthetically fragmented with MetFrag and all annotated fragments are stored with their corresponding mass into a relational database.
MetFrag usually is not able to annotate every measured peak with a structure, and it is possible that one observed m/z value can be explained by different structures in different compounds, therefore all alternatives are stored.
We developed a batch import to store the fragments and their masses into a PostgreSQL 9.0 RDBMS 1 with the chemistry extension pgchem 2 1.3-GiST [8] . All of the chemical algorithms and datatypes are handled by functions in the chemistry library OpenBabel 3 2.3.0 [2] . The RDBMS integration allows chemical calculations, comparisons and predicates as a part of SQL statements. The ER diagram of the developed database is shown in Appendix B.
Multiple substructure database queries
The candidate retrieval query (see abbreviated query in Figure 3 ) selects all compounds within an error margin around the precursor mass. Then, any fragments matching the measured peak masses (within an error window) are joined with the condition fragment.structure <= compound.structure. This is provided by the OpenBabel chemistry algorithms and tests whether the fragment is a substructure of the candidate. The sum of the matched substructures is used as score for the accession. To determine whether a fragment is a substructure of a molecule, their chemical fingerprints are compared. These 1536 bit fingerprints store characteristic chemical properties (such as bond-and atom counts or functional groups). For substructure searches, pgchem compares these fingerprints between the query molecule and the database content (primary filtering), using a Generalized Search Tree index (GiST) [4] . Afterwards, a time consuming substructure matching (secondary filtering) of the molecular structures on the previously selected records is done. All chemical operations benefit from the PostgreSQL query planning optimization.
The unabbreviated query in Appendix A also takes into account that 1) the database contains compounds from multiple compound libraries, and candidates can be restricted to a certain library 2) the compounds in the strcuture libraries might occur in multiple stereo conformations. Since mass spectrometry can hardly distinguish stereo isomers, MetFrag ignores the stereochemistry. Redundant candidates are removed by the query, such that only the first compound is considered. Because the fragments are measured with a certain error, the fragment masses are grouped into m/z cluster by hierarchical clustering analysis (HCA). The actual score counts at most one matching substructure per m/z cluster.
Results and Discussion
In the following we are going to present an example, and assess two separate performance aspects of the system. We evaluate the ability of the scoring to obtain the correct compound with a good rank, simulating various training set sizes. Second, we report the runtime on a snapshot (Q4 2010) of the PubChem compound database. 
Metabolite identification results
We used 240 metabolite spectra (see Appendix C or supplementary files as xls or csv hosted on http://msbi.ipb-halle.de/msbi/massstruct) with known PubChem accessions obtained from MassBank. These spectra contain data of several compounds, some of them were measured repeatedly with different instrument settings, so they covered 218 different compounds. Together, all spectra contained 2 083 peaks, and MetFrag was able to annotate 1 280 fragments with the parameters reported earlier [10] . The PubChem compound snapshot (Q4 2010) contained 28 838 421 structures. Including the indices, the database occupied ≈150 GB storage space.
To evaluate our approach, we annotated a randomly drawn sample of the 240 spectra, and used the remaining spectra as query spectra. For each query spectrum, we count the total number of candidates (TC), those with a better and those with a score worse than the correct compound (BC and WC, respectively). This allows to calculate a relative ranking position RRP = 0. 5 
, where the first position results in RRP = 1, and RRP = 0 in the worst case. A similar RRP was introduced in [9] , where the authors used RRP = 0 for the best case. We modified the scoring to keep it consistent with the MetFrag scoring.
If all candidates have the same score, then BC = W C = 0, and hence RRP = 0.5. Similarly, a random score would also lead to an average RRP = 0.5 on a larger test set.
For evaluation we partitioned the set of spectra, again storing one subset of m/z → structure associations in the database, and used the remaining ones to evaluate the rank of the correct solution in the ordered result set. We used different ratios (1:1, 2:1, 3:1, 4:1 and 9:1) for partitioning, to simulate an increasing coverage of the training spectra in the dataset. The results are shown in Table 2 . The average RRP increases from 0.65 to 0.72, and even more apparent the median RRP raises to 0.84 if the large training sets are used. An extract of an example for one evaluation run is summarized in Table 1 . 
Runtime and PostgreSQL database tuning
The query spectra result in 31 700 candidates on average (green circle in Figure 4 ), 16 630 in the median and in a few cases up to 100 000. The mean runtime of a query is 330s, or roughly 10ms per candidate.
The (virtual) database server had 2 CPUs, 2 GB RAM, and was hosted on a VMWare ESX cluster with 2.6 GHz Intel Xeon CPUs. The data partition was kept on a FC-SAN storage system.
The runtime clearly depends on the number of candidates. Therefore, any increase in e.g. instrument accuracy will decrease both the number of candidates and the runtime. The performance of an RDBMS often depends on the speed of the storage subsystem, but not in this case: the majority of time is spent in the actual sub-structure search, and the CPU speed is the limiting factor. Latencies for multiple concurrent queries can best be reduced using a server with a sufficient number of CPU cores. 
Conclusion
The process of structure elucidation with mass spectrometry data has been -and still is -the major bottleneck in metabolomics experiments. Starting from the mass of the molecule, dozens to thousands of candidates can be retrieved from compound databases like KEGG or PubChem, and subsequently analysed with computer aided structure elucidation (CASE) systems.
We introduced the MassStruct approach, improving the initial candidate query step to provide an ordered list of candidates. We evaluated the method with a medium sized test dataset. The benefit is that the interactive MetFrag web application can then process the candidates in batches of 100 or 1000 structures, and present intermediate results. Since the candidates are pre-sorted, the user might be satisfied after the first few iterations. The source code (including training procedure and dynamic queries) is available under the GNU General Public License from https://github.com/childebr/MassStruct/.
Future developments will be reducing the number of candidates to consider, e.g. by filtering the common ranges of ratios between elements for biological compounds. The growing number of spectral data in reference libraries such as MassBank will further improve the performance of the system by adding more m/z → structure associations. Compound Library MassStruct
A Unabbreviated SQL query
The tables substance and library contain the information from PubChem and other libraries, whereas compound contains the actual molecular structures. The fragments and mz cluster tables contain the structure → mass associations which were created during the training step of the algorithm.
C Complete results for 1:1 evaluation
The following table shows the (hyperlinked) MassBank and PubChem accession numbers for all spectra in the training set. Concatenated IDs such as PR100001PR100002 denote merged spectra, as described in [10] . The set was sampled into two equally sized subsets, The MassStruct training was perfomed on one subset, and evaluated against the second. Then, training was repeated with the second subset, and evaluated on the first. The runtime column covers only the time of the query in the evaluation. 
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